Improving the current operation and maintenance activities is one of the main steps in achieving higher performance of irrigation networks. Improving the irrigation network management, influenced by different spatial and temporal parameters, is confronted with special difficulties.
period from 1998 to 2030, agricultural production should be increased by 81% in irrigation systems. Therefore, the major portion of additional food production should come from irrigated land, three-quarters of which is located in developing countries (Playan & Mateos 2006) .
Many irrigation schemes in developing countries suffer from poor management, both in its technical and social dimensions. This often leads to unsustainable practices with decaying infrastructure and a reluctance of users to contribute to the maintenance activities, which causes poor performance of irrigation schemes (Fernandez et al. 2003) .
Achieving the desirable performance of irrigation networks is impossibe without altering the guidelines or any research methods into workable procedures, techniques and tools to solve different managerial problems. Practical guidelines and feasible research methods are reference tools to assist policy-makers, planners, technical experts and farmers involved in irrigation management programs.
Beside external factors, there have been some internal spatial and temporal parameters which influence irrigation canal performance (Steiner & Walter 1993) . Irrigation network performance is improved, provided that variant spatial and temporal factors are considered. One of the concerns of irrigation managers is how to cope with spatial diversity and temporal variability of parameters that strongly affect the operation and maintenance (O&M) activities (Sarwara et al. 2001) . (Renault & Facon 2007) . Therefore, better managerial approaches are required to facilitate O&M activities and to achieve higher performance of irrigation systems (Montazar et al. 2010) . Regionalization of irrigation networks is one of the approaches which could be used to facilitate activities such as evaluation of the irrigation network, modernization, rehabilitation and, especially, for O&M activities.
On the other hand, many records are collected in regular inspections and annual surveys in irrigation districts. In many cases, these statistics are just used in the form of charts and tables in reports. Usually, comparing these statistics gives hints as to how to make decisions for O&M activities.
However, the key point is that comparing data for extended systems like irrigation networks without applying powerful tools is beyond human abilities. Consequently, important decisions are often made based not on the information but rather on a decision-maker's intuition, simply because the decision-maker does not have the tools available to extract the valuable knowledge embedded in the data. Thus, using assured and capable approaches, like data mining approaches that can be applied to a wide variety of data, are indispensible for the regionalization of irrigation networks.
Malano & Gao used a fuzzy clustering technique in a specific period of time for the Goulburn and Shi-jin irrigation networks in Australia and China, respectively. Clustering is applied on temporal data, as a managerial tool, to determine the turning point of the O&M activities of the project during the considered period of time (Malano & Gao 1992) .
Temporal clustering helps managers and decision-makers to discover the turning points in the considered duration of time and, after that, to change or reform policies and management methods if this is necessary.
The purpose of this paper is to identify homogeneous parts of irrigation networks based on the physical features, According to the best knowledge of the authors, this is the first time that a fuzzy clustering approach is used to extract similar physical homogeneous regions out of an irrigation network.
METHODS

Fuzzy cluster analysis
The process of grouping a set of objects into classes with similar attributes is called clustering (Han & Kamber 2006) .
The main potential of clustering is to detect the underlying structure in the dataset. Cluster analysis, also called the unsupervised pattern recognition method, is very popular because of its ability to classify sets of unlabeled data (Alberto et al. 2001) . Unlabeled data refers to situations where datasets exist without any prior information for their analysis (Koskela 2004) . Two advantages of cluster analysis over manual grouping are in applying a specified objective function consistently in the clustering approach to form the groups, which avoids possible inconsistency due to human error, and grouping the dataset in a short time (Srinivasa & Duckstein 2004) . 
Fuzzy c-means (FCM) algorithm
The fuzzy c-means clustering algorithm is based on the minimization of an objective function which is introduced as Equation (1) (Bezdek 1981) :
where
and cluster centers, v i , can be calculated by Equation (2):
Membership values of x k to the ith cluster are computed by Equation (3):
The squared inner-product distance norm is defined as
The FCM algorithm is applied using the standard Euclidean distance norm in which A ¼ I. Thus, it can only detect clusters with the same shape and orientation. The most popular method for minimization of the c-means objective function is the simple Picard iteration through the loop defined by Equations (2) and (3), to obtain the cluster centers, which produces the minimal objective function for a fixed group number c in each iteration (Liou et al. 2003) . This process is related to different group numbers (c) to find the optimal number of clusters.
The Gustafson-Kessel (GK) algorithm
Gustafson & Kessel employed an adaptive distance norm instead of a Euclidian distance norm in order to detect clusters of different geometrical shapes through a dataset (Gustafson & Kessel 1979) . Each cluster has its own norminducing matrix A i , which yields the following inner-product norm:
The extra parameter used in the objective function of GK clustering is A ¼ (A 1 , A 2 ,y, A c ). The matrices A i allow each cluster to adapt the distance norm to the local topological structure of the data. The objective function of the GK algorithm is defined by Equation (6) (Babuska et al. 2002) : 
Fuzzy clustering validity indices
One of the controversial issues in using clustering methods is choosing an optimal number of clusters (Weatherill & Burton 2008) . In this paper four cluster validity indices named PC, CE, S and XB are applied for finding the optimal c. Cluster validity refers to the situation where a given fuzzy partition fits the data in a best possible fashion (Wu & Yang 2005) . The clustering algorithm should be run through from 2 to c max and after computing the validity indices, the optimal number of clusters is found. Fuzzy clustering approaches could be distinguished using the partition index (SC). The SC index (Equation (7) 
Ghazvin irregation network
The case study in this research is the Ghazvin Irrigation In this study, our concentration is focused on the 12 secondary canals. These canals are divided into 162 reaches having constant capacity and bounded between two control structures. For all of the reaches five physical attributes were considered. These attributes are: length, capacity, number of intakes, number of conveyance structures and the irrigated area covered. The variational ranges of these attributes are given in Table 2 . The average delivery efficiency of this irrigation network from canal head to root zone is 30-36% (Montazer & Riazi 2008) . This low rate of efficiency confirmed the lack of appropriate O&M activities in this irrigation network. To improve the O&M activities and reduction of the misapplication of money and water resources, the improvement of current O&M activities is needed.
RESULTS AND DISCUSSIONS
Finding the optimal number of clusters is done by determination of the cluster validity indices values for c ¼ 2-12 numbers of clusters. The values of fuzzy clustering validity indices are organized for both FCM and GK clustering algorithms in Table 3 . The optimum value for each index is given in bold in Table 3 . According to the S and XB indices, the optimal number of clusters is nine clusters for both fuzzy clustering methods. The CE index has determined that 12 clusters is the optimal number of clusters, while the value of the index has marginal improvement compared to nine clusters. Therefore the general consensus of whole indices is choosing nine clusters as an optimal number of clusters for both methods. Classification entropy (CE)
The optimal number of cluster is at the maximum value of the CE Bezdek (1981) Separation index (S)
The optimal number of cluster is at the minimum value of S. Bensaid et al. (1996) Xie and Beni's index (XB)
The minimum value of XB shows the optimal number of clusters. Canal reaches in the same cluster have similar physical attributes, so it provides the capability to make the same decision for these objects.
For the canal reaches with membership degrees lower than 40%, the knowledge and experiences of managers, authorities and operators accompanied by the clustering results could be utilized to make managerial decisions. Table 5 gives the range of physical attribute variation in all clusters. Similar features of each cluster are presented in 
